Abstract-Microblogging social media (mainly represented by Twitter) focuses on fast open real-time communication using short messages between users and their followers. These platforms generate large amounts of content and community finding techniques are an attractive alternative for organising it. However there is no clear agreement in the literature for a definition of user community for the microblogging use case, leading to unreliable ground-truth data and evaluation. In this work, we differentiate between functional and structural definitions of communities for microblogging. A functional community groups its users by a common independent social function, e.g. fans of the same football team, while in a structural community the members exclusively depend on their connectivity in a network, e.g. modularity. We build and characterise eight types of functional communities to be used as user-labelled ground-truth and five types of live user interactions networks from Twitter. We then evaluate thirteen popular structural community definitions using five different Twitter datasets, exploring their goodness and robustness for detecting the functional ground-truth under different perturbation strategies. Our results show that definitions based on internal connectivity, e.g. Triangle Participation Ratio, Fraction Over Median Degree or Conductance work best for the Twitter use case and are very robust. On the other hand, classic scores such as Modularity are limited and do not fit very well due to the sparsity and noise of microblogging.
I. INTRODUCTION
Microblogging is a type of Online Social Network (OSN) which allows for fast real-time open broadcasting of short content among friends and/or millions of followers. Examples are Twitter, Weibo (the Chinese counter-part of Twitter), and Tumblr, which is similar to Twitter but focused on multimedia posts. Twitter is currently one of the most widely known microblogging OSN in the world, with more than 330 million monthly active users as of December 2017 1 , generating an average of 500 million Tweets (short messages) per day. This massive amount of content fuels an increasing disorganisation for its users that can be alleviated with content filtering or clustering techniques such as community detection [1] . However, a fundamental challenge is the lack of agreement in the literature for a definition of user community, which makes them difficult to evaluate and interpret. For microblogging OSN, researchers often use the same definition as for more traditional social
This work was created with the financial aid of Science Foundation Ireland (SFI), Grant Number SFI/12/RC/2289. 1 https://www.omnicoreagency.com/twitter-statistics/ media [2] - [5] , or definitions from topic analysis and user profiling [6] , [7] . However, are these definitions appropriate for microblogging? We argue that due to its particular fastpace and user sparsity, these definitions might not be suitable.
Instead of proposing yet another community definition for microblogging, we will prefer and evaluate a more flexible non-personal wider interpretation. We hypothesise that, in microblogging, people do not seek to be closely related but instead are more curious about the collective opinion of the masses. We will then differentiate between functional and structural definitions of user communities [8] . A functional community groups its users by a common independent social object or function, e.g. fans of the same football team, while in a structural community the members exclusively depend on their connectivity in a network, e.g. their average node degree.
In this work we propose to characterise and investigate the network structure of functional communities considered as user-labelled ground-truth for the microblogging OSN scenario. Static structural sources such as followers networks are commonly used for this purpose, however they are often prohibitive to capture for global analysis and are not suitable for detecting fast-paced communities [2] . Therefore, we propose to use live streams of user interactions instead, e.g. replies, user mentioning, posts rebroadcasting and quoting. Our motivation is that it is difficult to identify user communities in live streams of microblogging due to their velocity and low reciprocity. We hypothesise that the highly dynamic and fast-paced nature of microblogging causes users to switch or lose interest about topics quickly, rendering conventional community discovery based on more static and dense networks less effective.
We address the following research question: does a distinguishable correlation exist between the underlying network of user interactions and independent user-labelled functional communities in the microblogging use case of Twitter? For this, we investigate in Twitter: (1) a methodology for the creation of reliable independent sets of ground-truth functional communities, (2) a methodology for the creation of reliable graph models for live user interactions, (3) an understanding of the structural patterns in a network of interactions and their alignment to ground-truth functional communities, (4) an understanding of the performance of existing structural community definitions for the ground-truth in live interaction networks, and (5) [9] . Twitter messages are restricted to 280 characters and can be posted publicly for other users to reply, quote and retweet (rebroadcast) them. Users can follow other users for up-to-date content, often with no approval needed or without requiring to be followed back, leading to low reciprocity [10] . This suggests that followers networks in Twitter might not be adequate for structural community detection.
Microblogging seems to differentiate from classic human social networks [11] : the distribution of subscribers is not power-law and the degree of separation is shorter. However, contact between similar people still occurs at a higher rate than among dissimilar members, resembling communities [10] .
The definition of a user community for Twitter is generally described in the literature as "a group of nodes more densely connected to each other than to nodes outside the group" [8] , [9] , [12] - [16] . However, communities can be of very different nature and intentions, and often are based on topical subjects or shared interests, i.e. they are functional to the users [8] , [13] . Functional communities have been also suggested to require an intermediate social object that connects people together to truly become social, otherwise they loose interest [17] .
The community discovery task for microblogging is mostly addressed by means of exploiting static networks, e.g. followers, captured in snapshots [9] , [13] - [16] . In this work, instead we aim to understand how user communities can form solely through their public live user interactions represented as a network. Community detection is also approached via a combination of both methods [2] - [4] , however we argue that such static networks are expensive to retrieve and maintain fresh in comparison to a stream of messages [2] .
We inspire our methodology on the work of Yang et al [8] . The authors empirically study structural community definitions on classical OSN. However, our work differentiates from theirs in that: (a) we extend the original study to the microblogging case, taking into account the particularities of the platform, and (b) we adapt the original experiments to address the challenges imposed by microblogging, e.g. data volume and sparsity.
III. GROUND-TRUTH COMMUNITIES IN TWITTER
We distinguish two independent definitions of user communities for Twitter: functional, based on social function, and structural, based on the connectivity in a network. Functional communities will represent our ground-truth data because users themselves explicitly state the social function of their posts, e.g. referencing the same hashtag or mentioning the same celebrity. On the other hand, a structural community is a set of users with a particular connectivity pattern in the underlying live interactions network, e.g. high edge density.
We are then interested in investigating the relationship between these two definitions of communities, considering the task of community detection as the discovery of user communities based on a structural definition that later can correspond to independent ground-truth functional communities [8] .
A. Building Live Interactions Networks
Based on [18] - [20] , we consider four types of Twitter interactions for building individual networks from a stream of Tweets: mentions, quotes, replies and retweets. A network G = (V, E) is created with a set of vertices V and edges E. Every time a user u i ∈ V interacts with another user u j ∈ V using any interaction type, we create an edge (u i , u j ) ∈ E in the network G. For simplicity, we consider G as undirected and unweighted. We conducted a pair-wise network overlap analysis of the interaction types in our data resulting in a low intersection of ≈ 3.82%, mainly between the mention and reply interaction types. Therefore we use a single unified network containing all the above interaction types.
B. Building Ground-Truth Functional Communities
We construct ground-truth functional communities from a stream of Tweets based on their members explicitly using a common functional social object of a particular type, independent of their underlying interactions. For example, if a set of users {u 1 , u 2 , u 3 } use the same hashtag h, then a groundtruth community C h = {u 1 , u 2 , u 3 } is created. We consider the following types of social objects for building ground-truth functional communities from Twitter: 1) Mentions, to group users that mention the same user, for example a celebrity in a recent event.
2) Replies, to group users that reply to the same user, for example a controversial commentary discussion. 3) Quotes, to group users that quote the same user, e.g. provide an opinion over a statement of a politician. 4) Retweets, to group users that retweet the same user, e.g. a newscaster posting a shocking news article. 5) Countries, Cities and Places, to group users posting from the same location at different granularities. A place is an optional well-known location object that can be embedded in Tweets and contains country and city attributes. Therefore we can form functional communities based on these abstractions. 6) URLs, to group users that share the same web resource, for example an article of an interesting cooking recipe.
Even though some of these functional types are also used to build the interactions network and could be considered as an inherent bias, we note that when building the ground-truth communities, these interactions are always used in context with an external factor and not between the interacting users. For example, a ground-truth functional community C m = {u 1 , u 2 , u 3 } of users mentioning the same user u m is built, however u m does not need to be in this community nor interact with its members. Instead, u m is considered as an external motive for members of C m to be connected socially.
Furthermore, we impose two basic build restrictions for the functional communities: (a) each group must have at least three members to facilitate the study of community scoring functions based on triad participation, and (b) communities with more than one connected component in the underlying live interactions network are treated independently.
C. Experimental Ground-Truth Datasets
We investigate real-world Twitter data streams under different settings and periods of time captured using the Streaming API. In total, we collected five live streams using both the filter and sample endpoints. Our collected datasets are: 1) POPE2013: captured during the Catholic Pope Conclave event in 2013 using event-related hashtags and users to follow. Spans for ≈ 2 days and contains 460K Tweets and 285K users. 2) POPE2013-SPL: captured in parallel to POPE2013 using the sample endpoint -9.9M Tweets and 8.8M users. 3) WORLDCUP2014: captured during the FIFA World Cup event in 2014 using event-related hashtags and users to follow. Spans for ≈ 34 days and contains 27.1M Tweets and 8M users. 4) RTE2015: RTÉ is the public TV and Radio broadcaster of Ireland. We captured Tweets related to different TV programmes broadcasted live by RTÉ using event-related hashtags and users to follow for each programme. Spans for ≈ 63 days and contains 2M Tweets and 720K users. 5) IRELAND2017: captured using the location filter configured for Ireland during 2017. Spans for ≈ 245 days and contains 7.7M Tweet and 1M users.
With the above datasets, we built an aggregated total of 6,164,356 ground-truth functional communities for our study.
IV. EVALUATING COMMUNITY DETECTION IN TWITTER
Scoring functions can be used to quantify how well a set of nodes in a network fit to a desired community structure. For a given set of nodes C, the scoring function f (C) measures the quality of C as a structural community in an undirected network G = (V, E). We consider thirteen commonly used community scoring functions pre-classified into four families for evaluation (details in [8] ): 1) Only Internal Connectivity: Density, Edges Inside, Average Degree, Fraction over Median Degree (FOMD) and Triangle Participation Ratio (TPR) [8] .
2) Only External Connectivity: Expansion and Cut Ratio. 3) Internal and External Connectivity: Conductance [21] , Normalized Cut, Maximum Out Degree Fraction (ODF), Average-ODF and Flake-ODF. 4) Network Model: Modularity [22] .
To investigate the contribution of the scoring functions, we computed a Pearson correlation matrix and filtered it using the threshold ρ ≥ 0.6 to unveil connections between the scores based on our six million ground-truth communities. The scores mostly grouped into four clusters, mirroring their pre-defined classes. Despite having numerous structural definitions, they heavily correlate in Twitter, hence we select six representative scoring functions from the four classes: FOMD, TPR, Cut Ratio, Conductance, Flake-ODF and Modularity.
A. Community Detection Goodness
We evaluate the community scoring functions in terms of their quality to discover ground-truth functional communities in Twitter streams. In this experiment, we use goodness metrics that capture the notion that good communities should be compact, well connected and well isolated from the rest of the network. The difference between the goodness metrics and the scoring functions under study is that the first quantify a desirable property of the communities, while the latter quantify how community-like is a set of nodes. A community with high goodness does not imply a good scoring function value but a good community score should have a high goodness metric. We consider four goodness metrics g(C) (details in [8] ): Density, Clustering Coefficient, Cohesiveness and Separability.
For each dataset and community type, we rank our groundtruth functional communities C using the six selected scoring functions f (C) in descending order. Then, we measure the cumulative moving average (CMA) of each goodness metric g(C) for the top-k ground-truth communities under the order induced by f (C). A perfect scoring function should rank the ground-truth communities in the same descending order as the goodness metrics, and therefore the CMA should decrease monotonically along k. On the other hand, a poor community scoring function would produce a k-dependent constant CMA.
The results were similar across all of our datasets. Cut Ratio, Conductance and Flake-ODF have a near perfect fit in Separability, while FOMD and TPR show instead an inverse ordering, suggesting that the latter two prefer more dense communities. In terms of Cohesiveness, Density and Clustering Coefficient, FOMD and TPR also perform well, suggesting that they not only prefer denser but also cohesive and packed communities.
Modularity performs relatively well in Cohesiveness. However Cut Ratio, Conductance and Flake-ODF exhibit inverse ordering, indicating that these prefer more disperse communities, revealing a failure of the scores to capture cohesive groups in the Twitter scenario. We observe an interesting near-perfect reversing of Modularity for the Density goodness metric. This is a manifestation of the well-known resolution limit of the Modularity score [23] . Modularity also exhibits a nearconstant ranking for Clustering Coefficient, suggesting that this score does not prefer or reject well-packed communities.
In summary, to identify more clustered and cohesive communities in Twitter, FOMD and TPR are the better choices. If more dense and less separated communities are preferred, then Cut Ratio and Conductance are more adequate.
B. Community Detection Robustness
A good community scoring function should be robust, i.e. stable under small perturbations and reduce its performance under strong disturbance. We investigate four perturbation strategies to assess the robustness of the scoring functions [8] : NodeSwap, Random, Expand and Shrink. An intensity parameter p specifies the number of times (p|C|) that a perturbation strategy is applied to a community C.
To quantify the impact of applying any perturbation to a given ground-truth functional community C, lets consider h(C, p) the perturbed version of C under perturbation h with intensity p. Then we measure the Z-score (units of standard deviation) of the difference between the score f (C) of the unperturbed community C and the score f (h (C, p) ). Due to the random nature of the perturbations, we measure them 20 times and average the resulting Z-scores. The experiment is as follows: we vary the perturbation intensity p ∈ [0.01, 0.60] (e.g. for NodeSwap this means exchanging between 1-60% of the members of a community) and observe the averaged Z-score across all our ground-truth functional communities. Example results for the RTE2015 dataset, function type mentions are shown in Figure 1 . These results are consistent with the rest of our data. The TPR and FOMD scores perform the best in the NodeSwap experiment, followed by Conductance and Flake-ODF. In contrast, Modularity and Cut Ratio do not degrade when we increase the perturbation, revealing their inability to deal with noisy data in Twitter. In the Random strategy, Flake-ODF is better but TPR/FOMD fall behind, and Cut Ratio performs the worst in presence of strong noise. Flake-ODF and Cut Ratio are ineffective in the Expand and Shrink strategies respectively, however TPR and FOMD are robust in this experiment. Modularity has good performance in small intensities for Expand and large for Shrink, but degrades with larger expansions and smaller reductions, consistent with the resolution limit [23] . In summary, FOMD is the most robust score in this experiment for all the perturbation strategies except for Random, where TPR takes advantage. Flake-ODF is a close second best for NodeSwap and Expand, Conductance a mild third for Random, and Modularity a close second for Shrink.
V. CONCLUSIONS AND FUTURE DIRECTIONS
We thoroughly evaluated a set of structural community scoring functions from different classes using our ground-truth for microblogging. Our findings show that scoring functions based on internal connectivity such as TPR, FOMD and Conductance work best for Twitter, and are robust. Conversely, the popular Modularity score is limited and unfit due to the sparse and noisy characteristics of microblogging.
More research is further required for microblogging and the community detection task for it. For example, other models can be used as social functions for topics: named entities, bagof-words or TF-IDF. Furthermore, in Twitter user communities are pushed to form and disappear quickly compared to classic social media such as forums. The concepts of functional and structural communities need to be shaped considering the timedimension and its influence.
